Abstract. This paper describes the multidimensional poverty measures developed by Alkire and Foster (2011) and shows how they can be computed in Stata with the command mpi.
Introduction
Poverty can depend on a plurality of simultaneous disadvantages other than the shortage of financial resources. For instance, a person who is not identified as poor in terms of income or expenditure can still experience other types of deprivations, such as malnutrition, little schooling or lack of clean water and electricity. Alkire and Foster (2011) have proposed a methodology that considers a plurality of not-perfectly-overlapping deprivation indicators, summarising the information into a consistent parametric class of multidimensional poverty indices. These indices can be used for a variety of policy-relevant issues, such as creating measures of well-being, monitoring and evaluating anti-poverty programs and improving the targeting of in-kind and cash benefits.
1 The Alkire Foster (AF) measures build on the Foster-Greer-Thorbecke (FGT) indices introduced in James Foster (1984) and, in the same way, they can be perfectly decomposed by population sub-groups (e.g. ethnicity, geographic area, etc.) and deprivation domains (e.g. education, income, health, etc.), a feature that makes them suitable for policy evaluations. Similar to the FGT measures, the AF measures depend on a parameter α that ensures they satisfy a broad range of multidimensional poverty-measurement axioms, such as replication invariance, symmetry, poverty focus and weak monotonicity.
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In this contribution, we review the AF method and show how to apply it in Stata with the command mpi. An important feature of mpi is its flexibility: depending on the type of data, mpi estimates the whole range of AF multidimensional poverty measures for arbitrary values of α and computes their decomposition by deprivation indicators and population sub-groups. The command allows for an indefinite number of indicators,
For a review of applications the reader can refer to the Oxford Poverty and Human Development
Initiative, the UNDP-HDRO Human Development Reports, Alkire (2013) and OECD (2015) . 2. For α ≥ 0 the AF indices satisfy: decomposability, replication invariance, symmetry, poverty and deprivation focus, weak and dimensional monotonicity, nontriviality, normalisation, and weak rearrangement. For α > 0 they also satisfy monotonicity, and for α ≥ 1 the axiom of weak transfer. See Alkire and Foster (2011) for definitions and proofs.
with the possibility to use a flexible weighting structure for each of them. The survey design is also fully taken into account when computing the indices and the corresponding standard errors.
The remainder of this paper proceeds as follows. Section 2 overviews the Alkire and Foster method; section 3 overviews the mpi command; section 4 concludes with an empirical application based on the original data used in Alkire and Foster (2011) .
The Alkire Foster method
In this section, we overview the main concepts used in the AF framework to derive the related class of poverty measures. The AF method can be divided into two sequential parts: the identification of poor individuals and the measure of poverty based on such identification.
Identifying the poor
Let us consider a sample of N individuals and D ≥ 2 deprivation indicators. Indicators related to the same area of deprivation can be grouped into deprivation domains. For instance, the domain health can be identified in the data with two indicators, e.g. the number of visits to the doctor and the distance to the closest medical center. Let Y be a N xD matrix whose entry y ij denotes the level of indicator j for individual i. The 1xD vector z = (z 1 , ..., z D ) contains the deprivation cutoffs of the D indicators and is used to determine if a person is deprived in each of the D dimensions. In this section, for simplicity we assume that for a indicator j and individual i the deprivation occurs when y ij falls strictly below the respective cutoff, i.e. y ij < z j .
Indicators can enter the analysis with different weights depending on their policy relevance. Weights are collected in a 1xD vector w = (w 1 , ..., w D ), with 0 < w j < 1 and D j=1 w j = 1. For instance, if each indicator is viewed as having equal importance all weights will be equal to 1/D. Let g 0 be the N xD matrix whose entry is w ij if y ij < z j and 0 otherwise. This is called the deprivation matrix in the Alkire and Foster (2011) framework because for each individual of the population it contains the policy relevance of each deprivation when such deprivation occurs. The row sum of g 0 is the number of weighted deprivations faced by individual i:
With cardinal indicators, the matrix of deprivations g 0 can be complemented with the matrix of normalised deprivation gaps, g 1 , whose entries are given by g
zj . In other words, g 1 ij represents a measure of the extent to which individual i is deprived in dimension j whenever y ij < z j . More generally, for any α, let us define the matrix g 
Measuring multidimensional poverty
The simplest index of multidimensional poverty in the AF framework is the multidimensional headcount ratio, which measures the incidence of poverty in the population:
The numerator is the number of poor individuals identified with the identification function defined above and N is the population size. Despite its simplicity and widespread use in the policy debate, H does not have the desirable property of increasing when a poor person becomes deprived in a new dimension.
3 An index that increases with the number of deprivations experienced by the poor individuals can be derived from the censored deprivation matrix, g 0 (k). Let |g 0 (k)| be the sum of all entries of matrix g 0 (k):
Alkire and Foster define the index A as the ratio between the weighted number of deprivations faced by the poor individuals, |g 0 (k)|, and the number of poor individuals (q):
A poverty measure that simultaneously takes into account the incidence (H) and the breadth (A) of simultaneous deprivations can be derived from the product of H and A:
Alkire and Foster define M 0 as the adjusted multidimensional headcount ratio, also known as the Multidimensional Poverty Index (MPI).
The MPI can be computed with binary, ordinal or real-valued data. However, when ordinal or real-valued indicators are available, the measure M 0 can be complemented with other indices that also take into account the depth of each deprivation. Let |g 1 (k)| be the sum of the poverty gaps of poor individuals. The average poverty gap across the extent of all possible deprivations faced by the poor is G =
A poverty measure that considers jointly the incidence of poverty (H), the average range of deprivations (A) and the average depth across deprived dimensions (G) can be computed as:
More importantly, M 1 respects the traditional monotonicity axiom, i.e. it increases as a poor person becomes more deprived in a given dimension.
Following James Foster (1984) , ideal poverty measures should also respect the transfer principle, i.e. they should increase at a faster rate when the depth of deprivation gets worse for those individuals who are already highly deprived. An index with such property can be easily derived within the AF framework by simply substituting |g 1 (k)| with |g 2 (k)| in the computation of the G index. This leads to a measure of average severity of deprivations:
A multidimensional poverty measure that jointly considers all the aspects defined above can be derived from the product of M 0 and S:
More generally, the AF class of multidimensional poverty measures is given by:
A key property of the AF measures M α is the perfect decomposability by population sub-groups and indicators. Perfect decomposability into population sub-groups means that the overall measure can be obtained as the weighted average of sub-group poverty levels with weights given by the sub-group population shares.
Where M α,g is the index for sub-group g and N g the corresponding population size. The percentage contribution of group g is therefore: C α, g = 
The mpi command
The command mpi estimates the AF poverty measures described in section 2.2 and provides the exact decomposition by deprivation indicators. It computes standard errors taking into account the survey design and allows for a flexible weighting structure of the indicators. It also provides the decomposition by population sub-groups and shows the contribution of each deprivation indicator in each sub-group. When real-valued indicators are available, mpi computes the whole parametric class of AF poverty measures for arbitrary values of α and provides the decomposition by population sub-groups and indicators for each M α .
An important characteristic of mpi is the possibility to group indicators into policy domains. This does not affect the statistical derivation of the AF measures but facilitates the interpretation of the results. Let us consider 2 deprivation domains, say, monetary poverty and health. The domain monetary poverty could be identified by 1 indicator, e.g. household income, whereas the domain health by 2 indicators, e.g. the number of visits to the doctor and the distance to the closest medical centre. In this example, there are therefore 3 deprivation indicators for 2 policy domains and mpi provides information at the indicator and domain level.
Syntax
The generic syntax for mpi is: Indicators can be binary, ordinal or real-valued variables. When the indicator is binary, the variable can take only values one (deprived) and zero (not deprived). When the indicators are ordinal or real-valued, the user must specify the related poverty thresholds using the corresponding mpi option. If no thresholds are specified, mpi assumes that all indicators are binary and will give an error is that is not the case.
Observations with missing values are excluded from the estimation sample.
cutoff(#) is required and specifies a number between 0 and 1, above which the individual is considered poor. Following the approach outlined in section 2, for each individual mpi computes the weighted sum of the indicators and the individual is considered poor only if the resulting score is higher then the selected poverty cutoff. Weights are specified in the corresponding mpi option (see below); if no weights are specified, mpi assumes equal weights at the domain level and within each domain. Hence, when the number of indicators is equal to the number of domains and the indicators have equal weights the poverty cutoff will simply indicate the percentage of simultaneous deprivations above which a person is considered poor.
Let us consider an example. The command line below uses three indicators and a poverty cutoff of 0.66. Since no thresholds are specified, mpi assumes that the indicators are all binary variables. Since no weights are specified, mpi assumes equal weights between and withing domains. In the example below, a person is therefore considered poor if she faces at least 2 deprivations, as the weighted sum of 2 deprivations would be just above the poverty cutoff.
Let us consider now the case of 3 indicators and 2 deprivation domains, the first containing 2 indicators (ind1 and ind2) and the second 1 indicator (ind3). Since weights are not specified, mpi assumes equal weights between and withing domains.
In the example below, each domain has therefore a weight of 0.5 and the first 2 indicators each have a weight of 0.25. Given a poverty cutoff of 0.74, an individual deprived in ind1 and ind3 would therefore be considered poor because the weighted sum of their deprivations would be just above the poverty cutoff.
mpi d1(ind1 ind2) d2(ind3), cutoff(0.74) t1(numlist), t2(numlist), ... denote the deprivation thresholds for the indicators of each domain. This option is required only when using ordinal or real-valued indicators. Depending on the indicator, the deprivation can occur for values below or above the threshold. The user can therefore specify the direction of the deprivation by typing the sign < or > in front of the threshold value. If no signs are specified, mpi assumes that the deprivation occurs when the indicator is below the threshold.
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The command line below shows an example of different deprivation thresholds: for ind1 and ind3, deprivation occurs for values strictly below 4 and 5 respectively, whereas for ind2 the deprivation occurs when the indicator is strictly above 3.
5. Note that the commands: mpi d1(ind1 ind2 ind3), cutoff(0.66) and mpi d1(ind1) d2(ind2) d3(ind3), cutoff(0.66) are equivalent. 6. Individuals are considered deprived for values strictly above or below the thresholds. No empty spaces between the signs < or > and the threshold value are allowed. mpi considers the absolute value of the poverty gaps; this affects the computation of the sole M 1 index in the special case of a negative threshold.
Other options
w1(numlist), w2(numlist), ... denote the weights of the indicators. Weights are numbers between zero and one and they must sum up to 1; when this is not the case, mpi gives an error. It is required to use as many weights as the number of indicators and the list of weights must follow the same structure of the corresponding list of indicators. The default option is equal weighs between and within domains. The two command lines below are therefore equivalent: (ind3) svy allows taking into account complex survey designs. The data have to be svyset before using mpi. When the only information about the survey design relates to the sampling weights the user can supply svyset with such information and use the svy option of mpi. Equivalently, the user can specify the sampling weights in the command line using the standard syntax. nodecomposition suppresses the computation and the display of the decompositions along the lines of the domains and indicators. This slightly increases the execution speed.
7. Since mpi is not a standard estimation command, in the sense that it does not imply estimating a covariance matrix, the Stata svy prefix in front of the command name, i.e. svy: mpi ..., is not allowed. 8. The same happens when mixing binary and real-valued indicators: in this case the binary indicators receive a higher weight in the analysis simply because the poverty gaps are always the highest possible. See Alkire and Foster (2011) for a discussion about mixing variables of different type in the calculation of the AF measures with α ≥ 1. When this is necessary the indicator weights can be used to counterbalance the implicit higher weight of binary indicators. 
Returned values

Empirical applications
For the empirical application of mpi we use the 2000 Indonesian Family Life Survey (IFLS). Alkire and Foster (2011) use the same data, which can be freely downloaded with the related Stata codebook.
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The analysis applies the same settings of the original Alkire and Foster contribution: we consider all adults above 19 years old and 3 deprivation indicators: household expenditure (exp), the Body Mass Index (BMI) and the years of schooling (educ). Expenditure variables are adjusted by the square root of the household size. The deprivation thresholds are the following: expenditure below 150,000 Rupiah, a BMI lower than 18,5 kg/m 2 and less than 6 years of schooling. The final sample consists of 17,678 individuals, whereas in the original Alkire and Foster contribution the sample is 19,752. The difference is arguably due to the calculation of the years of schooling from the raw data and the related treatment of implausible and missing values. The next table shows the first 5 rows of the dataset.
. list hid id sex BMI exp ex_food ex_nofood educ weights in 1/5, The variables hid and id are the household and the person identifiers, weights represents the survey weights, ex food and ex nofood the food and non-food household expenditures. In the first application, we show how to use mpi with binary indicators. We therefore construct 3 binary indicators using the deprivation thresholds defined above and then estimate the AF measure with a poverty cutoff equal to 0.66. This means that only persons with at least 2 simultaneous deprivations are considered poor.
. generate exp_i = (exp < 150000) . generate educ_i = (educ < 6) . generate BMI_i = (BMI < 18.5) . mpi d1(exp_i) d2 (educ_i) 
Contribution of each indicator (%)
The first part of the mpi output is a table with a summary of the deprivation indicators. Indicators are organised in deprivation domains and for each of them mpi shows the type (binary, ordinal or real-valued), the policy weight (equal weights in this example, the default option) and the share of deprived individuals.
The second table shows the AF poverty measures with the related standard errors.
This table is divided in two parts containing the estimated M α parameters (upper part) and the related sub-indices (bottom part). Since in this example there are only binary indicators, mpi computes only M 0 , which is derived as the product of sub-indices H (the incidence of the poor in the population) and A (the average intensity of simultaneous deprivations among the poor).
The third table shows the percentage contribution of each indicator to the overall index. In this example the deprivation in household expenditures accounts for 62.3% of the overall value of M 0 .
The next example shows how to allow for a different weighting structure in the relevance of each deprivation indicator and the decomposition of the AF measures by population sub-groups:
. mpi d1(exp_i) w1(0.5) d2(educ_i) w2(0.3) d3 (BMI_i) 
The indicator exp enter the analysis with a relevance of 0.5, whereas educ amd BMI have a weight of 0.3 and 0.2 respectively. The different weighting structure affects both the identification of the poor and the measurement of poverty: H, the share of poor in the population, is now lower whereas A is slightly higher, implying an overall lower value of M 0 .
When the user specifies the by(varname) option, mpi computes the related decomposition by categories of varname. In this example, mpi provides the decomposition by gender.
Three tables relate to the decomposition by population sub-groups. The first table shows the absolute value of the indices in each sub-group and, in the last row, the related population shares. In this example, 54.6% of the population are women. In this sub-group the incidence of poverty is significantly higher (21.7% against 16.0%), as well as the overall level of M 0 (0.181 against 0.131). The last column of the table shows the overall value of the indices in the population, which is given by the weighted sum of the indices in the two sub-groups with weights given by the related population shares: 0.131 * 0.454 + 0.181 * 0.546 = 0.159
The second table shows the percentage contribution of each sub-group. In this example, 62.4% of the overall value of M 0 is attributable to the group of women. The values in this table are computed by dividing the weighted indices of each sub-group by the overall index, with weights given by the related population share.
The third table shows the percentage contribution of each indicator in each subgroup. As can be seen, the significantly different contribution of educ is driving the differences between M 0 in the two groups.
The next example shows an application with real-valued indicators and with more than one indicator in the first deprivation domain. Specifically, the indicator of household expenditure is replaced with two indicators: household food expenditures and other non-food expenditures. The overall relevance of this domain is kept at 0.5 and equal weights are assigned to the two indicators, which implies that each indicator of this domain enters with a weight of 0.25 in the mpi analysis. The relevance of the other two domains is also the same as before: 0.3 for the years of education and 0.2 for the BMI.
When using ordinal or real-valued indicators, the user has to specify the related deprivation thresholds in the syntax. In what follows, the chosen thresholds for the first domain are 100,000 Rupiah for food and 12,000 Rupiah for non-food expenditure. The thresholds for the other domains are as before: less than 6 years of schooling and a BMI lower than 18,5 kg/m 2 . With real-valued indicators, mpi computes the whole class of the AF poverty measures: M 0 , M 1 and M 2 ; the user can specify additional values of α by using the related option (alpha(3) in the example below).
. mpi d1(ex_food ex_nofood) t1(<100000 <12000) w1(0.4 0.1) /// > d2(educ) t2 (6) The summary table at the top now shows that the indicators are real-valued, together with the related thresholds and the direction of each deprivation, which in this example is always for values below the threshold (the default).
The second table shows the values of the AF class of poverty measures with the related sub-indices. Since the command line includes the option alpha(3), the table shows also the value of M 3 and the related sub-index S 3 as defined in Section 2.2.
The third table shows the contribution of the indicators to each poverty measure, M 0 , M 1 , M 2 and M 3 , whereas the last table provides the contribution of the deprivation domains.
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